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IMAGE PROCESSING APPARATUS AND
IMAGE PROCESSING METHOD THEREOFK

CROSS-REFERENCE TO RELATED
APPLICATION(S)

This application 1s based on and claims priority under 335
US.C. § 119(a) of a Korean Patent Application No.

10-2018-0169103, filed on Dec. 26, 2018, in the Korean
Intellectual Property Ofhice, the disclosure of which 1is
incorporated by reference herein 1n 1ts entirety.

BACKGROUND
1. Field

The disclosure relates to an 1mage processing apparatus
and an 1image processing method thereof, and more particu-
larly, to an 1mage processing apparatus that performs retar-
geting processing on an input image and acquires an output
image, and an 1mage processing method thereof.

2. Description of Related Art

According to the development of electronic technologies,
various types of electronic apparatuses are being developed
and distributed. In particular, display apparatuses used 1n
various places such as households, oflices and public places
have been continuously developed.

Recently, there are increasing demands for a high reso-
lution 1mage providing service and a real time streaming
service. When the resolution of an input image and the
output resolution are different from each other, image pro-
cessing may be performed to control the resolution of the
input image to be i1dentical to the output resolution. When
the aspect ratio (or the width to length ratio) of the resolution
of an input 1mage 1s 1dentical to that of the output resolution,
there 1s no 1mage distortion caused by the 1image processing.
However, when the aspect ratios are diflerent between the
input resolution and the output resolution, 1mage distortion
may OcCcCuUr.

SUMMARY

Provided are an image processing apparatus that i1s
capable of acquiring an output image while minimizing
image distortion through detection of an area of interest and
adjusting an aspect ratio of an input 1mage, and an 1mage
processing method thereof.

In accordance with an aspect of the disclosure, there 1s
provided an 1mage processing apparatus, including: a
memory storing at least one instruction; and a processor
configured to read the at least one instruction and configured
to, according to the at least one instruction: apply a learning,
network model to an mput 1mage frame and acquire infor-
mation on an area of interest; and acquire an output image
frame by retargeting the mput image frame based on the
acquired information on the area of interest, wherein the
learning network model 1s a model that 1s trained to acquire
the information on the area of interest in the mput 1mage
frame.

The imnformation on the area of interest may include at
least one of size iformation, location information or type
information of the area of interest.

The information on the area of interest may be one
dimensional information, the one dimensional information
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including location information 1n a parallel direction and
s1ze information of the mput 1image frame corresponding to
the area of interest.

The processor may be further configured to: identify at
least one piece of one dimensional information among a
plurality of pieces of one dimensional information based on
at least one of a size of the one dimensional information or
types of objects corresponding to the one dimensional
information, and retarget the mput 1mage frame based on the
identified one dimensional information.

The processor may be further configured to: retarget the
input 1image frame by applying a first conversion weight to
pixels corresponding to the area of interest of the input
image frame, and by applying a second conversion weight to
pixels corresponding to a remaining area of the mput image
frame other than the area of interest, and the second con-
version weight 1s acquired based on resolution information
on the mput image frame and resolution information on the
output 1image frame.

The processor may be further configured to: maintain a
s1ze of the pixels corresponding to the area of interest by
applying the first conversion weight to the pixels, and
upscale the pixels corresponding to the remaining area by
applying the second conversion weight to the pixels.

The processor may be further configured to: accumulate
information on the area of interest acquired from each of a
first input 1mage frame and at least one second mput 1mage
frame that was input prior to the first input 1mage frame, and
acquire information on the area of interest corresponding to
the first input 1image frame based on the accumulated 1nfor-
mation.

The processor may be further configured to: acquire
average size information and average location information
ol the area of interest based on size information and location
information of the area of interest acquired from each of the
first input 1mage frame and the at least one second 1nput
image Irame, and acquire an output i1mage Iframe corre-
sponding to the first input image frame based on the average
s1ze information and the average location information of the
area of interest.

The learning network model may include a feature detec-
tor configured to detect information related to objects
included in the mput image frame, and a feature map
extractor configured to acquire size information, location
information and type mformation of the area of interest.

The learning network model may be configured to learn a
weilght of a neural network 1included 1n the learming network
model by using the information on the area of interest and
a plurality of 1images corresponding to the information on the
area of interest.

The 1mage processing apparatus may further include a
display, and the processor may be further configured to:
control the display to display the acquired output image
frame.

In accordance with an aspect of the disclosure, there 1s
provided an 1image processing method by an 1mage process-
ing apparatus, the i1mage processing method including:
applying learning network model to an input image frame
and acquiring information on an area of interest; and acquir-
ing an output 1mage frame by retargeting the mmput image
frame based on the information on the area of interest,
wherein the learming network model 1s a model that 1s
trained to acquire the mformation on the area of interest in
the mput 1image frame.

The information on the area of interest may include at
least one of size iformation, location information or type
information of the area of interest.
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The information on the area of interest may include one
dimensional information, the one dimensional information

including location information 1 a parallel direction and
s1ze information of the mput image frame corresponding to
the area of interest.

The acquiring the output image frame may include:
identifying at least one piece of one dimensional information
among a plurality of pieces of one dimensional information
based on at least one of a size of the one dimensional
information or types of objects corresponding to the one
dimensional information, and retargeting the input image
frame based on the 1dentified one dimensional information.

The acquiring the output image frame may include:
retargeting the mput 1image frame by applying a first con-
version weight to pixels corresponding to the area of interest
of the input 1mage frame, and applying a second conversion
welght to pixels corresponding to a remaining area of the
input 1image irame other than the area of interest, and the
second conversion weight 1s acquired based on resolution
information on the input image frame and resolution infor-
mation on the output image frame.

The acquiring the output image frame may include:
maintaining a size of the pixels corresponding to the area of
interest by applying the first conversion weight to the pixels,
and upscaling the pixels corresponding to the remaining area
by applying the second conversion weight to the pixels.

The acquiring the mnformation on the area of interest may
include: accumulating information on the area of interest
acquired from each of a first input 1mage frame and at least
one second mput image frame that was iput prior to the first
input image frame, and acquiring information on the area of
interest corresponding to the first mput image frame based
on the accumulated information.

The acquiring the mnformation on the area of interest may
include: acquiring average size information and average
location information of the area of interest based on size
information and location information of the area of interest
acquired from each of the first input 1mage frame and the at
least one second 1nput 1image frame, and the acquiring the
output 1mage frame may include: acquiring the output image
frame corresponding to the first input 1image frame based on
the average size information and the average location infor-
mation of the area of interest.

In accordance with an aspect of the disclosure, there 1s
provided a non-transitory computer readable medium stor-
ing a computer instruction which, when executed by a
processor of an i1mage processing apparatus, causes the
processor to perform: applying a learning network model to
an mput 1mage frame and acquiring information on an area
ol interest; and retargeting the input 1image frame based on
the information on the area of interest and acquiring an
output 1mage frame, wherein the learning network model 1s
a model that 1s trained to acquire the information on the area
of interest 1n the mput 1image frame.

BRIEF DESCRIPTION OF TH.

(L]

DRAWINGS

The above and other aspects, features, and advantages of
certain embodiments of the present disclosure will be more
apparent from the following description taken 1n conjunction
with the accompanying drawings, in which:

FIG. 1 1s a diagram for illustrating an example of 1mple-
mentation ol an 1mage processing apparatus according to an
embodiment;

FI1G. 2 1s a block diagram which illustrates a configuration
of an 1mage processing apparatus according to an embodi-
ment;
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FIG. 3 1s a diagram for illustrating a learning network
model according to an embodiment;

FIG. 4 1s a diagram for illustrating a learning network
model according to an embodiment;

FIG. 5 1s a diagram for illustrating a learning network
model according to an embodiment;

FIG. 6 1s a diagram which illustrates an example of
information on an area of interest according to an embodi-
ment;

FIG. 7 1s a diagram which illustrates an example of
information on an area of interest according to another
embodiment;

FIG. 8A 1s a diagram for 1llustrating a method for adjust-
ing the size of an 1image according to an embodiment;

FIG. 8B 1s a diagram for 1llustrating a method for adjust-
ing the size of an 1image according to another embodiment;

FIG. 9 1s a diagram for 1llustrating a method for adjusting
the size of an 1mage according to still another embodiment;

FIG. 10 1s a diagram which illustrates an example of
information on an area ol interest according to another
embodiment;

FIG. 11 1s a diagram which illustrates an example of
implementation of an 1mage processing apparatus according
to another embodiment;

FIG. 12 1s a flow chart for 1llustrating an 1mage processing
method according to an embodiment; and

FIG. 13 1s a flow chart for 1llustrating an 1mage processing
method according to an embodiment.

DETAILED DESCRIPTION

Hereinafter, the disclosure will be described 1n detail with
reference to the accompanying drawings.

First, the terms used 1n this specification will be described
briefly, and then the disclosure will be described 1n detail.

As terms used in the embodiments of the disclosure,
general terms that are currently used widely were selected as
far as possible, 1n consideration of the functions described 1n
the disclosure. However, the terms may vary depending on
the intention of those skilled in the art who work in the
pertinent field, previous court decisions or emergence of
new technologies, and the like. Also, in particular cases,
there may be terms that were designated by the applicant on
his own, and in such cases, the meaning of the terms will be
described in detail in the relevant descriptions in the disclo-
sure. Thus, the terms used in the disclosure should be
defined based on the meamng of the terms and the overall
content of the disclosure, but not just based on the names of
the terms.

Further, various modifications may be made to the
embodiments of the disclosure, and there may be various
types of embodiments. Accordingly, specific embodiments
will be 1llustrated 1n drawings, and the embodiments will be
described 1n detail 1n the detailed description. However, 1t
should be noted that the various embodiments are not for
limiting the scope of the disclosure to a specific embodi-
ment, but they should be interpreted to include all modifi-
cations, equivalents or alternatives of the embodiments
included in the ideas and the technical scopes disclosed
herein. In case 1t 1s determined that 1n describing embodi-
ments, detailed explanation of related known technologies
may unnecessarily confuse the gist of the disclosure, the
detailed explanation will be omuitted.

In addition, the expressions “first,” “second” and the like
used in the disclosure may be used to describe various
clements, but the expressions are not intended to limit the
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clements. Such expressions are used only to distinguish one
clement from another element.

Singular expressions may be interpreted to include plural
expressions, unless defined differently in the context. In this
specification, terms such as “include” and “consist of”
should be construed as designating that there are such
characteristics, numbers, steps, operations, elements, com-
ponents or a combination thereof in the specification, but not
as excluding in advance the existence or possibility of
adding one or more of other characteristics, numbers, steps,
operations, elements, components or a combination thereof.

The expression “‘at least one of A and/or B” should be
interpreted to mean any one of “A” or “B” or “A and B.”

Also, the terms “a module” or “a part” used in the
disclosure are for referring to elements performing at least
one function or operation, and these elements may be
implemented as hardware or software, or as a combination
of hardware and software. Further, a plurality of “modules™
or “parts” may be integrated into at least one module and
implemented as at least one processor, except “modules™ or
“parts” that need to be implemented as specific hardware.

Hereinafter, embodiments will be described 1n detail with
reference to the accompanying drawings, such that those
having ordinary skill in the art to which the disclosure
belongs can easily carry out the disclosure. However, it
should be noted that the disclosure may be implemented 1n
various different forms, and 1s not limited to the embodi-
ments described herein. Also, 1n the drawings, parts that are
not related to explanation were omitted, for explaining the
disclosure clearly, and throughout the specification, similar
components were designated by similar reference numerals.

FIG. 1 1s a diagram for illustrating an example of 1mple-
mentation ol an 1mage processing apparatus according to an
embodiment.

An 1mage processing apparatus 100 may be implemented
as a TV or a set-top box as illustrated in FIG. 1. However,
the 1mage processing apparatus 100 1s not limited thereto,
and any apparatus which 1s equipped with the function of
processing and/or displaying images can be applied without
limitation, such as a smartphone, a tablet personal computer
(PC), a laptop PC, a head mounted display (HMD), a near
eye display (NED), a large format display (LFD), digital
signage, a digital information display (DID), a video wall, a
projector display and a camera.

The 1mage processing apparatus 100 may receive various
types of compressed i1mages or images having various
resolutions. For example, the image processing apparatus
100 may receive 1mages in compressed forms, such as a
moving picture experts group (MPEG) (e.g., MP2, MP4,
MP7, etc.), a joint photographic coding experts group
(JPEG), advanced video coding (AVC), H.264, H.265, a
high efliciency video codec (HEV(C), etc. Alternatlvely,, the
image processing apparatus 100 may recerve any one image
from standard definition (SD), high definition (HD), full HD
and ultra HD images.

When the aspect ratio of the resolution of an 1mage input
according to an embodiment 1s different from that of the
output resolution, retargeting processing for making the
resolution of the mput image 1dentical to the output resolu-
tion 1s required. For example, when the resolution of an
input 1mage 1s an HD or full HD image, and the output
resolution 1s an ultra HD image, retargeting processing 1s
performed on the mmage in accordance with the output
resolution. In this case, there i1s a problem that, as the aspect
ratio (or the width to length ratio) of the mput image 1s
adjusted to be i1dentical to the aspect ratio of the output
image, 1mage distortion may occur. Various embodiments
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6

minimize or prevent image distortion when the aspect ratio
of the resolution of an input 1image 1s adjusted to that of the
output resolution.

FIG. 2 1s a block diagram which illustrates a configuration
of an 1mage processing apparatus according to an embodi-
ment.

According to FIG. 2, the image processing apparatus 100
includes memory 110 and a processor 120.

The memory 110 may be electrically connected to the
processor 120, and may store data according to various
embodiments. For example, the memory 110 may be imple-
mented as internal memory such as ROM (e.g., electrically
erasable programmable read-only memory (EEPROM)),
RAM, etc. included 1n the processor 120, or memory sepa-
rate from the processor 120. In this case, the memory 110
may be implemented 1in the form of memory embedded in
the 1tmage processing apparatus 100, or i the form of
memory that can be attached to or detached from the image
processing apparatus 100, according to the usage of stored
data. For example, 1n the case of data for operating the image
processing apparatus 100, the data may be stored in memory
embedded 1n the 1image processing apparatus 100, and 1n the
case of data for the extending function of the image pro-
cessing apparatus 100, the data may be stored 1n memory
that can be attached to or detached from the 1mage process-
ing apparatus 100. In the case of memory embedded 1n the
image processing apparatus 100, the memory may be imple-
mented as at least one of volatile memory (e.g., dynamic
RAM (DRAM), static RAM (SRAM) or synchronous
dynamic RAM (SDRAM), etc.) or non-volatile memory
(e.g., one time programmable ROM (OTPROM), program-
mable ROM (PROM), erasable and programmable ROM
(EPROM), clectrically erasable and programmable ROM
(EEPROM), mask ROM, flash ROM, flash memory (e.g.,
NAND flash or NOR flash, etc.), a hard drive or a solid state
drive (SSD)). In the case of memory that can be attached to
or detached from the 1image processing apparatus 100, the
memory may be implemented in a form such as a memory
card (e.g., compact flash (CF), secure digital (SD), micro
secure digital (Micro-SD), mim secure digital (Mini-SD),
extreme digital (xD), a multi-media card (MMC), etc.) and
external memory that can be connected to a USB port (e.g.,
USB memory), efc.

The memory 110 stores an instruction that controls the
processor 120 to acquire an output 1image frame based on
information on an area of interest acquired by applying an
input 1mage {frame to a learming network model. Here, the
learning network model may be a model that 1s trained to
acquire information on an area of interest 1n an iput 1mage
frame. According to an embodiment, the memory 110 may
store a learning network model according to an embodiment.
However, according to another embodiment, a learning
network model may be stored in at least one of an external
server or an external apparatus.

The processor 120 1s electrically connected to the memory
110, and controls the overall operations of the image pro-
cessing apparatus 100.

According to an embodiment, the processor 120 may be
implemented as a digital signal processor (DSP) processing
digital image signals, a microprocessor, and a time controller
(TCON). However, the processor 120 1s not limited thereto,
and 1t may include one or more of a central processing unit
(CPU), a micro controller unit (MCU), a micro processing
umt (MPU), a controller, an application processor (AP) or a
communication processor (CP), and an ARM processor, or
may be defined by the terms. Also, the processor 120 may be
implemented as a system on chip (SoC) having a processing
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algorithm stored therein or large scale integration (LSI), or
in the form of a field programmable gate array (FPGA).

The processor 120 may provide an mput 1mage frame to
a learning network model by executing an instruction stored
in the memory 110, and acquire an output image frame based
on information on an areca ol interest output from the
learning network model.

According to an embodiment, the processor 120 retargets
an input 1image frame, 1.e., adjusts the aspect ratio of an 1nput
image frame, based on nformation on an area of interest
output from a learning network model, and acquires an
output image frame. Here, information on an area of interest
may 1include at least one of size information, location
information or type information of the area of interest. For
example, information on an area of interest may include one
dimensional information including location information
identified 1n a parallel direction (or a vertical direction) and
size mformation of an input image frame. For example, 1n
the case of upscaling an 1nput 1image frame in a parallel
direction, information on an area of interest may be one
dimensional information including location information
identified 1n a parallel direction and size information. In the
case of upscaling an iput 1mage frame 1n a vertical direc-
tion, information on an area of interest may be one dimen-
sional information imncluding location information identified
in a vertical direction and size information. Hereinafter, for
illustrative purposes, descriptions will be made based on the
assumption that information on an area of interest 1s one
dimensional information including location information
identified 1n a parallel direction and size information of an
input 1image frame. However, the disclosure 1s not limited
thereto and 1t 1s possible that the information includes both
of location information identified 1n vertical and parallel
directions and size information.

A learning network model may learn the weight of a
neural network included in the learning network model by
using information on an area of interest and a plurality of
images corresponding to the information on an area of
interest. Here, the plurality of images may include various
types of 1mages such as separate still images, a plurality of
continuous 1mages constituting a moving 1mage, etc.

According to an embodiment, a learning network model
may 1include a feature detector that detects information
related to objects included 1n an input 1mage frame and a
feature map extractor that acquires size information, loca-
tion information and type information of an area of interest.
For example, a feature detector may detect information
related to objects including at least one of iformation on
some objects or information on the entire objects based on
a combination of feature information including edge infor-
mation, corner information, color information, etc. A feature
map extractor may extract size mformation and location
information of an area of interest according to an embodi-
ment as one dimensional information, and acquire the type
information of objects included 1n the area of interest. Here,
the one dimensional information may include location infor-
mation i1dentified 1n a parallel direction and size information
of an 1mage frame. Also, the type information may be
information on one of classes (or types) i a predefined
number (e.g., 20).

FIGS. 3, 4, and 5 are diagrams for 1llustrating a learning
network model according to embodiments.

A learning network model according to an embodiment
may be a model that was acquired by designing such that
desired output data can be obtained for an input image
through continuous convolutional operations, and learning,
the design. In particular, a learning network model may be
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a model that predicts locations, sizes and names of specific
objects that are meaningful for an input 1mage.

A learning network model (or a classification network
model) according to an embodiment may be acquired by
fine-tunming a conventional learning model (e.g., Darknet-19
(a VGG-19 network based on C language)) such that detec-
tion ol objects 1s possible. For example, a learning network
model may be a model that re-learned a conventional object
detection system based on a deep artificial neural network
which was modified according to an embodiment.

For example, according to FIG. 3, a learning network
model according to an embodiment may be a learming
network model including 22 layers in total which was
acquired by removing portions 330 after the 15th layer
among a plurality of lavers 310, 320, 330 included 1n
Darknet-19 300, and then adding 7 layers 340, 350. Here, the
basic layers 310, 320 may belong to the aforementioned
feature detector, and the additional layers 340, 350 may
belong to the feature map extractor, but the layers are not
limited thereto. For example, after the basic layers 310, 320
are trained first, the additional layers may be combined, and
trained additionally.

According to an embodiment, information on an area of
interest 1 units of each row of an 1mage frame may be
acquired through a learning network model, in order to
readjust the size of an mput image frame i1n a parallel
direction. Accordingly, the output data of a learning network
model may be X (location information 1n a parallel direc-
tion), W (size information), and the name. In this case, Y
(location information in a vertical direction) 1s not necessary.
Thus, even 1f the number of the convolutional layers of an
artificial neural network 1s smaller than 81 of Darknet-19
(REDMON, Joseph; FARHADI, Ali. Yolov3: An incremen-
tal improvement. arXiv preprint arXiv:1804.02767, 2018.),
precise prediction data can be acquired. That 1s, imn the
disclosure, the number of parameters necessary for predic-
tion of detection of objects can be drastically reduced by
using 22 convolutional layers, as illustrated in FIG. 3, and at
the same time, a performance similar to that of a conven-
tional technology can be maintained.

To be specific, as illustrated in FIG. 5, a classification
network, e.g., Darknet-19, 510 may be reconstituted 520 as
a network including 22 layers 1n total, by removing layers
330 in the end portion after the 15th layer included 1n the
Darknet-19 510, and adding 7 layers 340, 350, and the
network may learn detection of objects based on a sample
data set (first learning) 530, and then the prediction values
ol continuous frames may be acquired 540, and the network
may be additionally trained for the acquired prediction
values (second learning) 550. The basic layers 310, 320 may
learn detection of objects 1n advance before the 7 layers 340,
350 are combined, as described above, but the disclosure 1s
not limited thereto.

Here, the sample data set may include one dimensional
information on various types of images and objects 1n the
images (box information that will be described later) and
name information in a predetermined number (e.g., 20). That
1s, an artificial neural network may be trained with respect
to X (location information in a parallel direction), W (size
information), and names based on a sample data set.

In additional traiming, an artificial neural network may be
trained while regarding the prediction value of a previous
image frame as a truth value of the next image frame. In this
case, tramning may be performed 1n a direction of minimizing
temporal loss, by defining a temporal loss function such that
an artificial neural network can perform uniform size and
location prediction for image frames that are continuously
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input. The following Equation 1 represents a temporal loss
function defined according to an embodiment.

wadrh:ﬁ(\/wrth_l )2 [Equation 1]

L a(x~x, ) [Equation 2]

cenier

By using temporal loss functions as in Equations 1 and 2,
an artificial neural network may be additionally trained 1n a
direction that the values of W and X of predicted objects are
maintained to be similar for continuous frames of a moving,
image. In such additional training, continuous image frames
are needed. Accordingly, additional training may be per-
formed with respect to temporal loss functions with image
frames of several moving 1images.

To be specific, xt—1 and wt—1 which are the prediction
results ol previous image frames in Equations 1 and 2
become truth values compared with xt and wt which are the
prediction result of the current image frames, and an artifi-
cial neural network may be trained such that the differences
between these values are minimized. That 1s, an artificial
neural network may be trained such that 1t can be expected
that prediction results become similar in continuous image
frames. In this case, all of the 22 layers may be mnvolved 1n
training without removing the end portion of the network.
For example, an artificial neural network may be trained
with Learning rate=0.01, Weight decay=0.0005, and
momentum=0.9, but the disclosure 1s not limited thereto.

Returming to FIG. 2, according to another embodiment,
the processor 120 may 1dentify at least one piece of one
dimensional information among a plurality of pieces of one
C
t

imensional mnformation based on at least one of the size of
ne one dimensional information or the types of objects
corresponding to the one dimensional information, and
identily an area of interest 1n an mput image frame based on
the i1dentified one dimensional information. Here, the one
dimensional information may include location information
X 1dentified 1n a parallel direction and size information Y of
the mput 1mage frame, as described earlier.

As an example, the processor 120 may 1dentify only one
dimensional mnformation corresponding to a predetermined
s1ze or greater as an area of interest. As another example, the
processor 120 may 1dentily only one dimensional informa-
tion of a predetermined type (e.g., humans, animals) as an
area ol interest. As still another example, the processor 120
may 1dentily one dimensional information as an area of
interest only when the information 1s one dimensional
information above a predetermined size and falls under a
predetermined type (e.g., humans, animals).

FIG. 6 1s a diagram for illustrating a method for acquiring,
an area ol interest according to an embodiment.

According to an embodiment, a learning network model
may predict the center coordinate X, the size in width W, and
name information of an object, and output information on an
area ol 1nterest as one dimensional information. For
example, information 1n the form of a one dimensional box
(or bounding box information) may be output in an area
corresponding to an area of interest, as illustrated 1n FIG. 6.
In this case, the one dimensional box information may be set
as a value of 1, and the remaining area may be set as a value
of 0. That 1s, one dimensional box information may specily
the information on the width area, 1.e., location and size
information, and 1n this case, a corresponding length area
may be projected based on the one dimensional box infor-
mation, and a one dimensional area of interest may thereby
be obtained. For example, a one dimensional area of interest
may be implemented as a one dimensional matrix which
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indicates whether each row of an 1mage 1s an area of interest
or not with a value of 1 or O.

However, when all of one dimensional box information of
a predicted 1image 1s projected on an area of interest through
a learning network model, an unnecessary area of interest
may be acquired. For example, when there are an excess
number of people 1n an 1mage, regarding all the people in the
image as an area ol interest may be an unnecessary work.
Also, 1 the case of using a learning network model that
re-learned names (or types) i an excessive number, all
predictable objects such as cars and people are output as a
one dimensional box, which may be an unnecessary work.
Accordingly, implementation may be made in such a way
that only a one dimensional box including objects 1n pre-
determined specific names (or types) 1s projected on a one
dimensional area of interest based on the characteristic of an
image. For example, as illustrated in FI1G. 6, when a plurality
of one dimensional boxes 621, 622 are acquired from an
input 1image frame 610, only a specific one dimensional box
621 may be selected based on the sizes of the one dimen-
sional boxes or the names (or types) of objects correspond-
ing to the one dimensional boxes. In this case, only the
selected one dimensional box 621 may be projected on a one
dimensional area of interest. That 1s, only the area corre-
sponding to the selected one dimensional box 621 may be
identified as an area of interest.

In the atorementioned embodiment, 1t was described that
a learning network model outputs all of identified one
dimensional boxes, and the processor 120 identifies a spe-
cific one dimensional box based on the sizes of the one
dimensional boxes or the names (or types) of objects cor-
responding to the one dimensional boxes. However, identi-
fication of a specific one dimensional box can be performed
in a learning network model according to embodiments of
implementation. That 1s, a learning network model may be
trained such that, when one dimensional boxes above a
threshold number are 1dentified, a specific one dimensional
box 1s 1dentified based on the sizes of the one dimensional
boxes or the names (or types) of objects corresponding to the
one dimensional boxes, and only the inmformation on the
identified one dimensional box 1s output.

A learmning network model may not detect objects 1n a
specific frame, and the size of one dimensional information
predicted for the same object included 1n the same scene
may be different per frame. This means that the areas of
interest of continuous frames may not be uniform, and in this
case, there 1s a risk that the retargeted image may shake.
Accordingly, there may be a need to consider temporal
coherency 1n information on areas of interest.

Thus, according to another embodiment, the processor
120 may accumulate information on an area ol interest
acquired from each of a first input 1mage frame and at least
one second mput image frame that was input prior to the first
input 1mage frame, and acquire information on an area of
interest corresponding to the first input 1image frame based
on the accumulated information. Here, the first input 1mage
frame and at least one second input image frame may be
frames belonging to the same scene, but the frames are not
limited thereto. In the case of tramning a learming network
model with respect to an operation through a learming
network, corresponding information can be acquired
through the learning network.

To be specific, the processor 120 may acquire average size
information and average location information of an area of
interest corresponding to the first mput image frame based
on the size information and the location information of the
area of interest acquired from each of the first mput image
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frame and the second iput 1image frame. In this case, the
processor 120 may acquire an output image frame corre-
sponding to the first input image frame based on the average
s1ze information and the average location information of the
arca of interest. In the case of training a learning network
model with respect to an operation through a learming
network, corresponding information can be acquired
through the learning network. For example, the processor
120 may apply a moving average filter for one dimensional
information of each image frame 1included 1n the same scene.

For example, as illustrated 1in FIG. 7, the processor 120
may accumulate information on the areas ol interest of
previous image frames (e.g., n-2” and n-1? frames) and the
current image frame (e.g., the n” frame), and acquire infor-
mation on the area of interest corresponding to the current
image frame. Here, previous image frames may be image
frames constituting the same scene as that of the current
image irame. To be specific, as illustrated 1n FIG. 7, the
processor 120 may acquire average size information and
average location information regarding the size information
and the location information of the area of interest acquired
from each of the previous image frames and the current
image irame, and determine the average size information
and the average location information as the size information
and the location information of the area of interest corre-
sponding to the current image frame. As described above, by
using an area of iterest to which a moving average has been
applied, temporal distortion according to loss or movement
of the area of interest can be reduced.

Returming to FIG. 2, when an area of interest and the
remaining area (or an area ol non-interest) are 1dentified, the
processor 120 may determine a conversion weight for each
row (or each column) of an mnput image frame included in
cach area, 1.e., the ratio of size conversion. The processor
120 may assign the ratio of size conversion 1n a parallel
direction for rows included 1n an area of interest as 1, and for
the rows included 1n the remaining area, calculate a conver-
s10on ratio that satisfies the target aspect ratio. For example,
regarding the rows included in the remaining area, the
processor 120 may calculate a conversion ratio by increasing,
the conversion ratio until the ratio satisfies the target aspect
ratio.

For the convemence of explanation, the width of an input
image frame 1n a parallel direction will be assumed as W (a
pixel unit), and the target width 1n a parallel direction will be
assumed as W' (a pixel unit). In addition, assuming that the
number of rows belonging to the one dimensional area of
interest as X, the size conversion ratio v of the remaining
area excluding the area of interest may be calculated as 1n
the following Equation 3.

|Equation 3]

Accordingly, the processor 120 may adjust the size of an
image by determining the first weight as 1, and determining
the second weight as v.

According to an embodiment, when information on an
area of interest 1s acquired from a learning network model,
the processor 120 may retarget an mput image frame by
applying the first conversion weight to pixels corresponding
to the area of interest, and applying the second conversion
weilght to pixels corresponding to the remaining area (or an
area ol non-interest). Here, the second conversion weight
may be acquired based on retargeting information. Also, the
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retargeting information may include resolution information
of the mput 1mage frame and resolution information of the
output 1mage frame. Alternatively, the retargeting informa-
tion may include the aspect ratio of the input 1mage frame
and the aspect ratio of the output 1image frame. Still alter-
natively, the retargeting information may include informa-
tion on adjustment of the aspect ratio of the input image
frame that was calculated based on the resolution informa-
tion of the input image frame and the resolution information
of the output image frame. For example, for pixels corre-
sponding to an area ol interest, the processor 120 may
maintain the size of the corresponding area by applying the
first conversion weight to the pixels, and for pixels corre-
sponding to the remaining area, the processor 120 may
upscale the size of the corresponding area by applying the
second conversion weight to the pixels.

To be specific, when the ratio of size conversion 1n a
parallel direction for the area of non-interest 1s calculated
from information on the area of interest (or mnformation on
the area of interest to which a moving average has been
applied), the processor 120 may identify the locations of
rows wherein data of each row of the input image frame 1s
newly arranged 1n the retargeted image frame. For example,
by performing a convolutional operation of the input 1image
frame and a matrix of the size conversion ratio 1n a parallel
direction, 1image data of rows may be rearranged. In this
process, row data of an empty space may be generated, and
by filling the row data of an empty space 1n a similar manner
to the 1mage data of an adjacent row by performing image
interpolation, a retargeted 1image frame may be obtained. In
this case, by reproducing a retargeted 1image frame corre-
sponding to each image frame, a retargeted moving 1image
may be obtained.

FIGS. 8A and 8B are diagrams for illustrating a retarget-
ing method according to an embodiment.

As described 1n FIG. 6, when an area of interest 630 is
identified based on one dimensional box information 621 1n
an mput 1mage frame, an area of interest and the remaining
area may be divided, and the size conversion ratio of each
arca may be determined. For example, the processor 120
may assign the ratio of size conversion in a parallel direction
for rows included 1n an area of interest as 1, and for the rows
included in the remaining area (an area ol non-interest),
calculate a conversion ratio that satisfies the target aspect
ratio. For example, regarding the rows included in the
remaining area (an area ol non-interest), the processor 120
may calculate a conversion ratio that satisfies the target
aspect ratio for implementing the resolution of the output
image frame.

In this case, as illustrated 1n FIG. 8A, an output image
frame 810 may be obtained, in which the size of the area of
interest 630 1s maintained, and the size of the remaining area
1s upscaled.

Here, upscaling may be 1n the form of adding pixel values.
For example, 1n a case where the conversion ratio 1 a
parallel direction of rows included 1n the remaining area (an
area of non-interest) 1s 0, rows having the same pixel values
as the values of pixels included 1n each row may be added
as adjacent rows of each row, and their sizes 1n a parallel
direction may be enlarged by two times. However, this 1s just
an example, and various 1mage processing methods by
which the sizes of previous areas can be enlarged can be
applied to the disclosure.

In FIG. 8A, a case wherein there 1s no need to adjust the
s1ze 1n length (or the size 1n width) of an input image frame
was described. Also, 1n order to meet the resolution of an
output 1image frame, the size 1n length (or the size 1n width)
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of an input 1mage frame may have to be adjusted, as well as
the size 1n width (or the size 1n length).

In this case, as 1llustrated 1n FIG. 8B, the processor 120
may determine the conversion ratios in vertical/parallel
directions of an area of iterest based on the sizes 1n length
of an mput image frame and an output 1mage frame. That 1s,
the processor 120 may determine the conversion ratio 1 a
vertical direction of an mput image frame that makes the size
in length 1dentical to the size 1n length of an output image,
and scale an area of interest 630 1n vertical and parallel
directions based on a conversion ratio 1n a parallel direction
that 1s 1dentical to the conversion ratio 1n a vertical direction.
For example, 1n a case where the size 1 length of an 1mput
image frame 610 1s 480 pixels, and the size in length of an
output image frame 810 1s 960 pixels, the processor 120 may
determine the conversion ratios 1n vertical/parallel direc-
tions of an area of mterest as 4.5 (2160/480), and determine
the conversion ratios 1n vertical/parallel directions of the
other area based on the sizes 1n width of the input image
frame and the output 1mage frame.

FIG. 9 1s a diagram for illustrating a retargeting method
according to another embodiment.

According to another embodiment, information on an area
of interest may be two dimensional iformation including
not only information i a width direction 921, but also
information m a length direction 922. In this case, the
processor 120 may specily an area of interest 910 1n an input
image frame 610 based on two dimensional information, and
for pixels included 1n the area of interest, the processor 120
may assign the conversion ratios 1n parallel/vertical direc-
tions as 1, and for pixels included 1n the remaining area (an
area ol non-interest), the processor 120 may calculate a
conversion ratio that satisfies the target aspect ratio. For
example, for pixels included 1n the remainming area (an area
ol non-1interest), the processor 120 may calculate a conver-
s1on ratio that satisfies the target aspect ratio for implement-
ing the resolution of the output image frame. In this case, the
processor 120 may respectively calculate a conversion ratio
in a parallel direction and a conversion ratio 1n a vertical
direction based on the resolution of the input 1image frame
and the resolution of the output image frame. Then, the
processor 120 may acquire an output image frame 920 by
applying the calculated conversion ratio 1n a parallel direc-
tion and conversion ratio 1n a vertical direction for the pixels
included in the remaining area.

FIG. 10 1s a diagram for illustrating an 1mage processing,
method according to an embodiment.

According to the image processing method 1llustrated 1n
FIG. 10, the processor 120 may provide an n” input image

frame 1010 to a learning network model 1020, and acquire
one dimensional information on an area of interest 1030. In
this case, the processor 120 may calculate accumulated
moving average information of the acquired one dimen-
sional information on an area of interest and one dimen-
sional mformation on an area of mterest acquired from the
previous frame 1040. Then, the processor 120 may adjust the
s1ze of the input 1image frame in parallel/vertical directions
based on the accumulated moving average information that
was calculated 1050, and acquire an output 1mage frame
1060 corresponding to the n” input image frame 1010.

FIG. 11 1s a diagram for illustrating a detailed configu-
ration of a learning network model according to an embodi-
ment.

According to FIG. 11, a learning network model 1100
according to an embodiment may include a learming part
1110 and a recognition part 1120.
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The learning part 1110 may generate or train a recognition
model having a standard for determination of specific situ-
ations. The learning part 1110 may generate a recognition
model having a standard for determination by using col-
lected learning data. As an example, the learning part 1110
may generate, train or update an object recognition model
having a standard for determining what objects are included
in an 1mage, by using an 1image including objects as learning
data. As another example, the learning part 1110 may
generate, train or update an ambient information recognition
model having a standard for determining various types of
additional information around objects included 1n an 1mage,
by using ambient information included 1n an 1mage includ-
ing objects as learning data.

The recognition part 1120 may estimate a subject to be
recognized included 1n specific data, by using specific data
as input data for a trained recognition model. As an example,
the recognition part 1120 may acquire (or estimate, or infer)
object information for objects included 1n an object area by
using an object area (or an 1mage) imcluding objects as input
data for a trained recognition model. As another example,
the recognition part 1120 may estimate (or determine, or
infer) a search category that will provide a search result by
applying at least one of object information or context
information to a trained recognition model. Here, a plurality
ol search results may be acquired according to priorities.

At least a part of the learning part 1110 or at least a part
of the recognition part 1120 may be implemented as a
software module or manufactured 1n the form of at least one
hardware chip, and mounted on the 1mage processing appa-
ratus 100. For example, at least one of the learning part 1110
or the recognition part 1120 may be manufactured in the
form of a dedicated hardware chip for artificial intelligence
(Al), or as a part of a conventional generic-purpose proces-
sor (e.g., a CPU or an application processor) or a graphic
dedicated processor (e.g., a GPU), and mounted on the
alorementioned various types ol electronic apparatuses or
object recognition apparatuses. Here, a dedicated hardware
chip for Al 1s a dedicated processor specialized 1n probabil-
ity operations, and the chip can process operating works 1n
the field of Al such as machine learning swiltly as 1t has a
more excellent performance in parallel processing than
conventional generic-purpose processors. In a case where
the learning part 1110 or the recognition part 1120 are
implemented as a software module (or, a program module
including instructions), the software module may be stored
in a non-transitory computer readable medium. In this case,
the software module may be provided by an operating
system (OS), or by a specific application. Alternatively, a
part of the software module may be provided by an OS, and
the remaining part may be provided by a specific applica-
tion.

FIG. 12 1s a diagram which illustrates an example of
implementation of an 1mage processing apparatus according
to another embodiment.

According to FIG. 12, an 1image processing apparatus 100
includes memory 110, a processor 120, a communicator 130,
a display 140 and a user interface 150. Among the compo-
nents 1llustrated in FIG. 12, with respect to components that
overlap with the components illustrated 1n FIG. 2, detailed
explanation will be omitted.

The communicator 130 receives various types ol contents.
For example, the communicator 130 may receive iput of an
image signal from an external apparatus (e.g., a source
apparatus), an external storage medium (e.g., a USB), an
external server (e.g., a webhard), etc. by a streaming or
downloading method through communication methods such
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as Wi-F1 based on an AP (a wireless LAN network), Blu-
ctooth, Zigbee, a wired/wireless local area network (LAN),
WAN, ethernet, IEEE 1394, a high definition multimedia
interface (HDMI), a mobile high-defimition link (MHL), a
universal serial bus (USB), a display port (DP), a thunder-
bolt, a video graphics array (VGA) port, an RGB port, a
D-subminmiature (D-SUB), a digital visual interface (DVI),
etc.

The display 140 may be implemented as various forms of
displays such as a liquid crystal display (LCD), an organic
light emitting diode (OLED) display, light emitting diodes
(LEDs), a plasma display panel (PDP), etc. In the display
140, a driving circuit that may be implemented 1n a form
such as an a-s1 TFT, a low temperature poly silicon (LTPS)
TFT, an organic TFT (OTFT), etc., a backlight unit, and the
like may also be included. The display 140 may be imple-
mented as a touch screen combined with a touch sensor, a
flexible display, a 3D display, etc.

Also, the display 140 according to an embodiment may
include not only a display panel that outputs 1mages, but also
a bezel that houses the display panel. In particular, a bezel
according to an embodiment may include a touch sensor for
detecting a user interaction.

The processor 120 may control the display 140 to display
images processed according to various embodiments.

According to an embodiment, the processor 120 may
perform a graphic processing function (a video processing,
function). For example, the processor 120 may generate a
screen including various objects such as 1cons, 1images, texts,
etc. by using an operation part and a rendering part. Here, the
operation part may operate attribute values such as coordi-
nate values, forms, sizes, colors, etc. by which each object
will be displayed according to the layout of the screen, based
on the received control mstruction. The rendering part may
generate screens 1n various layouts including objects, based
on the attribute values operated at the operation part. Fur-
ther, the processor 120 may perform various types of image
processing such as decoding by video data, scaling, noise
filtering, frame rate conversion, resolution conversion, etc.

According to another embodiment, the processor 120 may
perform processing of audio data. To be specific, the pro-
cessor 120 may perform various types of processing such as
decoding or amplification, noise filtering, etc. of audio data.

A user interface 150 may be implemented as an apparatus
such as a button, a touch pad, a mouse and a keyboard, or
as a touch screen that 1s capable of performing both the
alorementioned display function and an operation input
function. Here, the button may be various types ol buttons,
such as a mechamical button, a touch pad, a wheel, etc.
formed 1n any area like the front surface portion, the side
surface portion, the rear surface portion, etc. of the exterior
of the main body of the image processing apparatus 100.

The 1mage processing apparatus 100 may additionally
include a tuner and a demodulation part depending on
embodiments.

The tuner may receive radio frequency (RF) broadcast
signals by tuning a channel selected by a user or all
pre-stored channels among RF broadcast signals received
through an antenna.

The demodulation part may receive a converted digital IF
(DIF) signal from the tuner and demodulate the signal, and
perform channel decoding, etc.

FI1G. 13 1s a flow chart for illustrating an 1image processing,
method according to an embodiment.

According to the image processing method 1llustrated 1n
FIG. 13, information on an area of interest may be acquired
by applying an mmput image frame to a learning network
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model 1n step S1310. Here, the learning network model may
be a model that 1s trained to acquire information on the area
of 1nterest 1n the mput 1mage frame.

Then, an output 1mage frame may be acquired by retar-
geting the mput 1image frame based on mformation on the
area of interest 1 step S1320.

Here, information on the area of interest may include at
least one of size mformation, location information or type
information of the area of interest.

Also, mformation on the area of interest may be one
dimensional information including location information cor-
responding to a parallel direction and size information of the
input 1image frame. In this case, m step S1320 wherein an
output 1mage frame 1s acquired, at least one piece of one
dimensional information among a plurality of pieces of one
dimensional information may be i1dentified based on at least
one of the size of the one dimensional information or the
types of objects corresponding to the one dimensional
information, and the mput image frame may be retargeted
based on the i1dentified one dimensional information.

In step S1320 wherein an output image frame 1s acquired,
the input 1image frame may be retargeted by applying a first
conversion weight to pixels corresponding to the area of
interest, and applying a second conversion weight to pixels
corresponding to the remaining area. Here, the second
conversion weight may be acquired based on resolution
information on the input image frame and resolution infor-
mation on the output 1mage frame.

Also, 1n step S1320 wherein an output 1mage frame 1s
acquired, the size of the pixels corresponding to the area of
interest may be maintained by applying the first conversion
weight to the pixels, and the pixels corresponding to the
remaining area may be upscaled by applying the second
conversion weight to the pixels.

In step S1310 wherein information on an area of interest
1s acquired, information on the area of interest acquired from
cach of a first input 1mage frame and at least one second
input 1mage frame that was input prior to the first mput
image frame may be accumulated, and information on the
area of interest corresponding to the first input 1image frame
may be acquired based on the accumulated information.

Also, m step S1310 wherein information on an area of
interest 1s acquired, average size information and average
location information of the area of interest may be acquired
based on the size information and the location information
of the area of interest acquired from each of the first mnput
image Irame and the second 1mnput image frame. In this case,
in step S1320 wherein an output 1image frame 1s acquired, an
output 1mage frame corresponding to the first input image
frame may be acquired based on the average size informa-
tion and the average location information of the area of
interest.

A learning network model may include a feature detector
that detects information related to objects included in the
input 1image frame and a feature map extractor that acquires
s1ze information, location information and type information
of the area of interest.

Also, the learning network model may learn the weight of
a neural network included 1n the learning network model by
using information on the area of interest and a plurality of
images corresponding to the information on the area of
interest.

According to the various embodiments, an output image
can be acquired while the aspect ratio of the input image 1s
adjusted without distortion of the main areas of the image.

According to the atorementioned various embodiments,
distortion of an 1mage content can be minimized while
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maintaining temporal coherency, which cannot be achieved
by a conventional cropping-based method (a technic of
cutting out only some areas of an image based on a parallel
or vertical axis of the image regardless of the features of the
image), a secam carving-based method (a technic of finding
connected lines (seams) 1n an 1mage that are not important,
and adjusting the aspect ratio by enlarging or reducing the
arcas where the lines found exist) or a warping-based
method (a technic of determining the degree of importance
per pixel 1n an 1mage, and adjusting the aspect ratio as
desired by enlarging or reducing the image partially accord-
ing to the degree of importance).

The various embodiments can be applied not only to
image processing apparatuses described herein, but also to
all kinds of 1image processing apparatuses which are capable
ol 1mage processing, such as an 1mage receiving apparatus
like a set-top box, a display apparatus like a TV, efc.

Also, methods according to the atorementioned various
embodiments may be implemented 1n the form of an appli-
cation that can be installed on a conventional 1mage pro-
cessing apparatus. In addition, methods according to the
alorementioned various embodiments may be implemented
only with software upgrade or hardware upgrade of a
conventional image processing apparatus. Further, the afore-
mentioned various embodiments may also be performed
through an external server of at least one of an embedded
server provided on an 1mage processing apparatus, an 1mage
processing apparatus or a display apparatus.

According to an embodiment, the various embodiments
described so far may be implemented as software including
istructions stored 1n machine-readable storage media that
can be read by machines (e.g. computers). Machines refer to
apparatuses that are capable of calling instructions stored 1n
storage media, and can operate according to the called
instructions, and the apparatuses may include an image
processing apparatus according to the aforementioned
embodiments (e.g. an 1image processing apparatus 100). In a
case where an instruction 1s executed by a processor, the
processor may perform a function corresponding to the
instruction by itself, or by using other components under 1ts
control. An instruction may include a code that 1s generated
or executed by a compiler or an interpreter. A storage
medium that 1s readable by machines may be provided in the
form of a non-transitory storage medium. Here, the term
‘non-transitory’ only means that a storage medium does not
include signals, and 1s tangible, but does not indicate
whether data 1s stored in the storage medium semi-perma-
nently or temporarily.

Also, according to an embodiment, the methods according
to the various embodiments described above may be pro-
vided while being included 1n a computer program product.
A computer program product refers to a product, and it can
be traded between a seller and a buyer. A computer program
product can be distributed on-line i1n the form of a storage
medium that 1s readable by machines (e.g. compact disc read
only memory (CD-ROM)), or through an application store
(c.g. play Store™). In the case of on-line distribution, at
least a portion of a computer program product may be stored
in a storage medium such as the server of the manufacturer,
the server of the application store, and the memory of the
relay server at least temporarily, or may be generated
temporarily.

Further, each of the components according to the afore-
mentioned various embodiments (e.g. a module or a pro-
gram) may include a singular object or a plurality of objects.
Also, among the aforementioned corresponding sub com-
ponents, some sub components may be omitted, or other sub
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components may be further included 1n the various embodi-
ments. Generally or additionally, some components (e.g. a
module or a program) may be integrated as an object, and
perform the functions that were performed by each of the
components before integration identically or in a similar
manner. A module, a program, or operations performed by
other components according to the various embodiments
may be executed sequentially, in parallel, repetitively, or
heuristically. Or, at least some of the operations may be
executed or omitted 1n a different order, or other operations
may be added.

While the disclosure has been shown and described with
reference to embodiments thereof, the disclosure 1s not
limited to the aforementioned specific embodiments, and 1t
1s apparent that various modifications can be made by those
having ordinary skill in the technical field to which the
disclosure belongs, without departing from the gist of the
disclosure as claimed by the appended claims. Also, it 1s
intended that such modifications are not to be interpreted
independently from the technical 1dea or prospect of the
disclosure.

What 1s claimed 1s:

1. An 1image processing apparatus, comprising:

a memory storing at least one mnstruction;

a processor configured to execute the at least one instruc-

tion to:

apply a learning network model to an mput image
frame and acquire information on an area of interest;
and

acquire an output image frame by retargeting the mnput
image frame based on the acquired information on
the area of interest; and

a display configured to display the acquired output 1mage

frame,

wherein the learning network model 1s trained to acquire
the information on the area of interest in the input
image Irame, and
wherein the processor 1s further configured to:
accumulate information on the area of interest acquired
from each of a first input 1mage frame and at least
one second input 1image frame that was iput prior to
the first input 1mage frame; and
acquire information on the area of interest correspond-
ing to the first mput 1mage frame based on the
accumulated information,
wherein the information on the area of interest 1s one
dimensional information, the one dimensional informa-
tion comprising location information, 1n a parallel
direction or 1n a vertical direction, of the area of interest
and size information of the area of interest.
2. The image processing apparatus of claim 1, wherein the
information on the area of interest further comprises type
information of the area of interest.
3. The image processing apparatus of claim 1, wherein the
processor 1s further configured to:
1dentify at least one piece of one dimensional information
among a plurality of pieces of one dimensional infor-
mation based on at least one of a size of the one
dimensional information or types of objects corre-
sponding to the one dimensional information, and

retarget the input image frame based on the 1dentified one
dimensional information.

4. The image processing apparatus of claim 1, wherein the
processor 1s Iurther configured to retarget the input image
frame by applying a first conversion weight to pixels cor-
responding to the area of interest of the mput 1image frame,
and by applying a second conversion weight to pixels
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corresponding to a remaining area of the mput image frame
other than the area of interest, and

wherein the second conversion weight 1s acquired based

on resolution information on the mput image frame and
resolution imnformation on the output 1image frame. 5

5. The image processing apparatus of claim 4, wherein the
processor 1s further configured to:

maintain a size ol the pixels corresponding to the area of

interest by applying the first conversion weight to the
pixels, and

upscale the pixels corresponding to the remaiming area by

applying the second conversion weight to the pixels.

6. The 1mage processing apparatus of claim 1, wherein the
processor 1s further configured to:

acquire average size information and average location

information of the area of interest based on the size
information and the location information of the area of
interest acquired from each of the first mput 1mage
frame and the at least one second mput image frame,
and

acquire an output image frame corresponding to the first

input 1mage frame based on the average size informa-
tion and the average location information of the area of
interest.
7. The image processing apparatus of claim 1, wherein the
learning network model comprises a feature detector con-
figured to detect information related to objects included 1n
the input 1mage frame, and a feature map extractor config-
ured to acquire the size information, the location informa-
tion and type information of the area of interest.
8. The image processing apparatus of claim 1, wherein the
learning network model 1s configured to learn a weight of a
neural network included in the learning network model by
using the information on the area of interest and a plurality
of 1mages corresponding to the information on the area of
interest.
9. An 1image processing method by an 1mage processing
apparatus, the 1image processing method comprising:
applying learning network model to an input image frame
and acquiring information on an area of interest;

acquiring an output image iframe by retargeting the iput
image frame based on the information on the area of
interest; and

displaying, on a display of the 1image processing appara-

tus, the acquired output 1image frame,

wherein the learning network model 1s a model that 1s

trained to acquire the information on the area of interest
in the mput 1mage frame, and

wherein the acquiring the information on the area of

interest comprises:

accumulating information on the area of interest
acquired from each of a first input 1image frame and
at least one second mput image frame that was input
prior to the first input 1image {frame; and

acquiring information on the area of interest corre-
sponding to the first input image frame based on the
accumulated information,

wherein the information on the area of interest 1s one

dimensional information, the one dimensional informa-
tion comprising location information, 1n a parallel
direction or 1n a vertical direction, of the area of interest
and si1ze imnformation of the area of interest.

10. The image processing method of claim 9, wherein the
information on the area of interest further comprises type
information of the area of interest.

11. The image processing method of claim 9, wherein the
acquiring the output 1mage frame comprises:
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identifying at least one piece of one dimensional infor-
mation among a plurality of pieces of one dimensional
information based on at least one of a size of the one
dimensional information or types of objects corre-
sponding to the one dimensional information, and

retargeting the iput 1image frame based on the 1dentified
one dimensional information.

12. The image processing method of claim 9, wherein the
acquiring the output 1image frame comprises:

retargeting the input image frame by applying a first

conversion weight to pixels corresponding to the area
of interest of the mput image frame, and applying a
second conversion weight to pixels corresponding to a
remaining area of the input image frame other than the
area of interest, and

the second conversion weight 1s acquired based on reso-

lution information on the mput 1image frame and reso-
lution mnformation on the output image frame.

13. The image processing method of claim 12, wherein
the acquiring the output image frame comprises:

maintaining a size of the pixels corresponding to the area

of interest by applying the first conversion weight to the
pixels, and

upscaling the pixels corresponding to the remaining area

by applying the second conversion weight to the pixels.
14. The image processing method of claim 9, wherein the
acquiring the information on the area of interest comprises
acquiring average size information and average location
information of the area of interest based on the size infor-
mation and the location information of the area of interest
acquired from each of the first input image frame and the at
least one second input 1mage frame, and
wherein the acquiring the output 1image frame comprises
acquiring the output image frame corresponding to the
first mput 1mage frame based on the average size
information and the average location information of the
area ol interest.
15. A non-transitory computer readable medium storing a
computer instruction which 1s executable by a processor of
an 1mage processing apparatus to perform:
applying a learning network model to an mmput image
frame and acquiring information on an area of interest;

retargeting the input image frame based on the informa-
tion on the area of interest and acquiring an output
image frame; and

displaying, on a display of the image processing appara-

tus, the acquired output 1image frame,

wherein the learning network model 1s a model that i1s

trained to acquire the information on the area of interest
in the mput 1mage frame, and

wherein the acquiring the information on the area of

interest comprises:

accumulating information on the area of interest
acquired from each of a first input image frame and
at least one second 1nput 1mage frame that was input
prior to the first mput 1image {frame; and

acquiring information on the area of interest corre-
sponding to the first input 1image frame based on the
accumulated information,

wherein the information on the area of interest 1s one

dimensional information, the one dimensional informa-
tion comprising location information, 1n a parallel
direction or 1n a vertical direction, of the area of interest
and si1ze information of the area of interest.
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